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The Addis Ababa Integrated Housing Development Program aims to tackle the housing shortage and unemployment that prevail in Addis Ababa by deploying and supporting small and medium scale enterprises to construct low-cost housing using technologies novel for Ethiopia. The motivation for such support is predicated on the view that small firms create more jobs per unit of investment by virtue of being more labor intensive and that the jobs so created are concentrated among the low-skilled and hence the poor. To assess whether the program has succeeded in biasing technology adoption in favor of labor and thereby contributed to poverty reduction, the impact of the program on technology This paper-a product of the Poverty Reduction and Economic Management Department, Africa Region-is part of a larger effort in the department to support evidence based policy making. Policy Research Working Papers are also posted on the Web at http://econ.worldbank.org. The author may be contacted at cruggeriladerchi@worldbank.org. usage, labor intensity, and earnings is investigated using a unique matched workers-firms dataset, the Addis Ababa Construction Enterprise Survey. The data are representative of all registered construction firms in Addis and were collected specifically for the purpose of analyzing the impact of the program. The authors find that program firms do not adopt different technologies and are not more labor intensive than non-program firms. There is an earnings premium for program participants, who tend to be relatively well-educated, which is heterogeneous and highest for those at the bottom of the earnings distribution.
Introduction
Whether or not programs which promote small and medium scale (SME) enterprises can stimulate job creation and contribute to poverty reduction in developing countries is an important question. The motivation for such support is often predicated on the view that small firms create more jobs per unit of investment by virtue of being more labor intensive and that the jobs so created are concentrated among the low-skilled and hence the poor. In spite of the policy prominence of SME support programs, the empirical evidence for these propositions is weak. In a recent review of the literature Betcherman et al. (2004, p51) conclude:
The evaluation literature on the labor market impacts of ALMPs [Active Labor Market Programs] is thinnest in the case of micro-enterprise development and self-employment assistance programs. There are relatively few studies and of those that do exist, many are concerned with the program's effect on business development rather than on the future employment and earnings of participants.
The sparse available empirical evidence is entirely based on the experiences of developed and transition economies and suggests that micro-enterprise development programs typically have a positive impact on the employment prospects of participants, while their impact on earnings is mixed (see e.g. Fretwell et al, 1999 , Tzannatos & Dar, 1999 , and Betcherman et al. 2004 . This paper provides an analysis of the Addis Ababa Integrated Housing Program (AAIHDP) which is an active labor market program that attempts to tackle the severe housing shortages and high unemployment that prevail in Addis Ababa by deploying and supporting labor-intensive SMEs to construct low-cost condominium housing using technologies novel for Ethiopia. To assess whether the program has succeeded in biasing technology adoption in favor of labor and thereby contributed to poverty reduction, the impact of the program on technology usage, labor intensity and earnings of participants is investigated using a unique matched workers-firms dataset, the Addis Ababa Construction Enterprise Survey (AACES), which is representative of all registered construction firms in Addis, and was designed specifically for the purpose of analyzing the impact of the program. The paper is organized as follows. The next section describes the program and its rationale. The data collected to analyze it is presented in section 3, which also presents descriptive statistics on the characteristics of program and non-program firms. In section 4 we assess the impact of the program on technology adoption. Section 5 describes the differences between program participants and non-participants and assesses the program's impact on earnings A final section concludes.
The Addis Ababa Integrated Housing Program (AAIHDP)
By creating and supporting SMEs the AAIHDP aims to tackle simultaneously the problems of a housing shortage and unemployment. The specific objectives of the program include `promotion of micro and small-scale enterprises, which can absorb more labor force and operate at a lower overhead cost' as well as `promotion of cost efficient housing construction technology' (HDPO, 2004, p1) . To achieve these objectives, the AAIHDP aims to construct 192,500 houses, generate 80,000 job opportunities, support 1,300 existing SMEs and create another 1,000 new ones. To construct housing affordable by low-income dwellers, the IHDP designed a production process that deviates from the one conventionally used in the construction sector. The low-cost aspect of the program consists in building a less luxurious, homogeneous type of housing using novel lowcost construction technologies such as pre-cast beams and ribslabs, fixed-price contracts and standardized production procedures permitting greater specialization. To implement this production process, the IHDP intervenes in the construction sector by both creating new SMEs and providing support for firms in the program.
Participation Once firms are formed, they can register their interest in IHDP construction work with the Program Office, which is in charge of implementing the program. Existing firms are not allowed to compete for IHDP jobs unless IHDP capacity does not suffice. In theory, incumbent firms could attempt to join the program by having their employees take the test and regroup as a "new" firm. Anecdotal evidence suggests this is not very common. The IHDP does not create firms which can execute foundational and structural works but it does hire existing firms for these tasks. For the purposes of this paper, firms which can execute such tasks are referred to as contractors, while firms which cannot are referred to as constructors. The latter category consists predominantly of SMEs and is consequently of focal interest.
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The IHDP provides wide-ranging support to firms participating in the program by i) providing and, in certain cases, subsidizing a place to work, ii) facilitating access to credit, iii) providing training and access to inputs (on credit), iv) subsidizing machinery for firms producing rebars (reinforcement bars) or hollow blocks, v) providing training to firms engaging in pre-cast beam and hollow block production and vi) awarding contracts to program firms. Not all newly created SMEs are awarded contracts but IHDP contracts are almost exclusively awarded to firms created by the IHDP (except for contracts assigned to contractors).
By providing these different types of support the program alters the factor prices different firms face, which in turn affect technology adoption and factor choices and thus labor demand. The program does not affect technology adoption or factor usage directly. The modeling challenge is to identify the impact of the IHDP interventions on labor demand and earnings and separate the effect of the program from differences between participants and non-participants not due to participation.
At this juncture, it is important to note that the unit of analysis in this paper is the firm, not the house being constructed. Our data enable us to assess the impact of the program on the technology and labor intensity of constructors and contractors separately. The labor demand of the housing construction sector as a whole may also be affected by the mix between constructors and contractors in the construction process, if these firms differ in their labor intensity and/or adopt different technologies. Unfortunately, our data do not enable us to rigorously assess whether, and if so to what extent, such substitution effects are occurring.
The Addis Ababa Construction Enterprise Survey (AACES)
The AACES is a survey of matched firms and workers in the construction sector in Addis Ababa, designed specifically for the purpose of analyzing the employment creation impact of the IHDP World Bank (2007) . It was conducted by the Ethiopian Economic Association in collaboration with the World Bank in December 2006 and early January 2007. It covered 240 firms and 971 workers, 241 of whom were casual workers. The workers' data contains detailed information on workers' earnings, their employment history, experience, skills, educational background, program participation, job satisfaction, motivation for choosing their current activity and on a number of socio-demographic characteristics including household characteristics and parental background. The worker data will be considered in section 5, here we focus on the firm data. The sample of firms contains data on 103 non-program constructors, 92 program constructors, 17 non-program contractors and 28 program contractors. A program firm is defined as a firm which fulfils at least one of three criteria; i) having been created by the program ii) having received support from the program or iii) having worked for the program.
3 The firm-level data provide information on a rich set of firm characteristics, including their activities, age, size, capital stock, inputs, outputs, expenditures, revenues, organizational and occupational structure, program participation and receipt of program support, access to finance and inputs, skilled personnel, constraints, expectations, their labor force and wages. In addition, the data contain information on the volume and total costs of inputs and outputs, enabling us to compute firm-specific input and output-prices, which provide natural instruments for factor choices. Table 1 present descriptive statistics on program firms and non-program firms. On average, program firms employ more workers, have more capital, use more inputs and have a better educated workforce. In Graph 1, the amount of capital per worker is plotted against the size of the firm measured in terms of the number of employees. Capital intensity does not seem to differ between program and non-program firms and also does not vary systematically with firm-size, though contractors are significantly more capital intensive than constructors. These findings are backed up by regressions of capital intensity on firm-size (column 1), firm-size and program-participation (column 2), and firm-size, program-participation, and being a contractor (column 3) presented in Table 2 . Neither the program dummy, nor the interactions of the program dummy with firm-size or being a contractor 4 are significant, confirming that program firms are not more or less capital intensive than non-program firms. Moreover, the results do not suggest a relationship between firm-size and capital intensity. Contractors are significantly more capital-intensive than constructors, but the capitalintensity of contractors also does not vary with firm size.
Input-intensity does not seem to depend on program participation or on firm-size either, as illustrated by Graph 2, which plots input usage per worker against the number of workers. The graph does show that contractors seem to use more inputs per worker. Regressions presented in Table 3 reveal that input intensity is strongly correlated with capital-intensity and confirm that contractors use more input per worker, even after controlling for firm-size and capital intensity (see column 4). Size variables and program participation indeed have no impact, corroborating the intuition from the graphs.
Assessing Program Impact on Technology Adoption

A Cobb-Douglas Technology
To assess the impact of the IHDP on technology adoption and productivity a human capital augmented Cobb-Douglas production function is estimated; output, Y, is modeled as a function of physical capital, K , human capital, H, material inputs, M, and a technology parameter, A, using the familiar formula:
5 Human capital, H, is assumed to be a function of the educational attainment of the workforce, E, and the number of workers L:
. This formulation enables us to control for both the quantity of labor, proxied by the number of workers, L, and the "quality" of labor, proxied by some function h(E) of the average educational attainment of workers. Controlling for the skill level of workers is important since it will be shown that workers in program firms are on average better educated. Taking logs and imposing a linear functional form, i.e.
, yields an estimable equation of the human capital augmented production function:
but was classified as a program firm since the pre-cast beam technology is not widely applied by non-program firms as yet. 4 As a robustness check, controls for different activities were included, to analyse whether the composition of the sample could be driving the results. Controlling for activities did not overturn the result, nor did controlling for the interaction between activities and the size of the firms. Results omitted to conserve space, but available upon request 5 Our starting point for assessing technology differences was the more general translog production function. Since the translog specifications comfortably accepted Cobb-Douglas restrictions, we proceeded with CobbDouglas production functions. Results are omitted to conserve space, but available upon request.
The "quality" of the labor force matters if δ≠0 . In our baseline specifications, however, δ is assumed to be zero (an assumption that is relaxed later).
To test whether program firms use a technology that differs from non-program firms, all the parameters of the production function are interacted with program participation, P.
Under the null hypothesis of no differences in technology adoption, all interaction terms should be zero, both individually and jointly. The null hypothesis is rejected if at least one of them or any combination of them is significantly different from zero. This testing procedure is very general since we allow the program to impact on all parameters of the production function. Table 4 presents the results of OLS estimation of the production function. The dependent variable is the log of annual revenue. 6 The baseline explanatory variables are the factors of production and activity dummies. Information on one or more explanatory variables are missing for 70 firms, forcing us to reduce our sample to 170 observations. The specification presented in column 1 tests whether the technology used by contractors is different from that used by constructors. This is indeed the case; the dummy on being a contractor and the interaction term on being a contractor and capital are both strongly significant. Since the group of constructors is of focal interest and because the sample of contractors for whom production functions can be estimated is very small, we focus on constructors for the rest of this subsection.
The specification in column 2 tests for differences in technology between program constructors and non-program constructors. The null hypothesis that no such differences exist cannot be rejected since neither the program dummy nor the interaction terms of program participation with labor, capital and inputs are individually or jointly significant.
The specification in column 3 attempts to assess the impact of the heterogeneity of labor by including measures of the educational attainment and age of the workforce as additional explanatory variables. Neither enters significantly; the higher educational achievement of workers in program firms does not translate into higher productivity.
Overall, the basic Cobb-Douglas specifications fit the data rather well, as judged by the adjusted R 2 consistently exceeding 0.6. In addition, parameter estimates are consistent with Constant Returns to Scale for both program and non-program firms.
Tackling Endogeneity
It is well-known that OLS-estimates of the production function may be misleading when one or more of the explanatory variables are correlated with the error term, for example because of measurement error, simultaneous determination of inputs and outputs or omitted variable bias (see e.g. Ackerberg, 2005) . In addition to these conventional endogeneity concerns, we have to be on guard for selection bias, which arises when program participation is correlated with the error term, for example because there are unobserved factors not controlled for in the production function which are correlated with both productivity and the decision to participate.
Instrumental variables methods are used to deal with these endogeneity problems. 7 To alleviate instrumenting requirements Constant Returns to Scale restrictions are imposed, enabling us to estimate output per worker as a function of the capital labor ratio and inputs per worker. To further facilitate identification, capital is assumed to be exogenous. The motivation for the latter assumption is that the capital stock is unlikely to change very much in the short run given high adjustment costs, while input usage is typically much more volatile. Given the severity of identification requirements, our strategy is to first assess the impact of the two types of endogeneity in isolation, before attempting to tackle their joint effect. An inputs price index is used as an instrument for inputs usage. Price is a theoretically appealing instrument since it is likely to affect output only through its impact on factor usage. Ackerberg et al. (forthcoming) warn us, however, that orthogonality may nevertheless be violated when price differences are correlated with unobserved quality differences in both inputs and outputs. Program participation is instrumented using the size of the firm at startup, which we have shown to be strongly correlated with program participation. At startup, the firm has not yet benefited from IHDP support; size at startup is consequently exogenous under the fairly mild restriction that there is no direct link between initial size and productivity once current size is accounted for.
The results of our instrumenting regressions are presented in Table 5 and the corresponding first stage regressions are presented in Table A1 in the appendix. In column 1 endogeneity of inputs is the sole concern; program firms and non-program firms are pooled together and input usage is instrumented using the input price deflator, which is a good instrument as judged by the CraggDonald F statistic of 13.24. The resulting parameter estimate of the contribution of inputs to revenue is somewhat higher than the corresponding OLS estimate (presented in Table A2 ), yet the Hausman test comfortably accepts the null hypothesis of no endogeneity. This suggest that exogeneity of inputs is not a bad assumption, which is consistent with (statistically) random rationing of inputs in the presence of input constraints.
In columns 2 and 3 inputs-and capital per worker are assumed exogenous and selection bias is the key concern. To facilitate identification, column 2 models the impact of the program as a technology shifter. The results do not indicate that the program succeeds in increasing productivity; if anything, program firms are less productive. Moreover, IV estimates are lower than OLS estimates, suggesting upward, rather than downward selection bias. A possible explanation for such upward bias is that the program is capable of selecting the most able workers (amongst applicants). The specification in column 3 is more general as it also allows for an impact of the program on capital and inputs usage. The null hypothesis of no difference in technology cannot be rejected, though the parameter estimates are imprecise. Hausman tests comfortably accept the null of no exogeneity for both specifications, suggesting that the impact of selection bias is not large.
Columns 4 and 5 allow for the coexistence of selection bias and endogeneity of inputs usage. In column 4, the program impact is again modeled using a dummy, which is negative and insignificant. Column 5 adopts a more general specification. Parameter estimates are poorly behaved, probably because the predicted program participation and instrumented interactions are highly correlated. In addition, instruments are weak, as evidenced by the Cragg-Donald F score of 0.749. In short, the results of this estimation are disappointing. Nevertheless, the null hypothesis that the program has no impact on technology adoption is not rejected in either specification and Hausman tests do not reject the null hypothesis of exogeneity.
In conclusion, the finding that program firms do not use a different technology is unlikely to be driven by selection bias or endogeneity of factor inputs.
Assessing Program Impact on Earnings
Descriptive statistics, presented in Table 6 , confirm that workers in program firms are on average 7 We also experimented with control function approaches. The results we obtained were similar to the results obtained using IV methods; they are omitted to conserve space, but available upon request.
better educated than workers in non-program firms. Table 7 presents probit models of the probability of being hired by a program firm. The first column is the baseline specification with age, gender, education and a dummy for having completed an apprenticeship as explanatory variables. Column 2 adds dummies for prior activities to this baseline specification to test whether program firms draw disproportionately on workers with an underprivileged labor market status. Column 3 adds dummies for workers' entire employment history and column 4 includes both employment history and prior activity dummies.
As to be expected, having a TVET degree is strongly positively associated with the probability of being employed in a program firm. The importance of training is further evidenced by the positive and significant coefficient on having completed an apprenticeship in the past, although this may also reflect the fact that those who do not pass the test can join the firm as apprentices. The insignificance of prior activity dummies reveals that program firms do not draw disproportionately on unemployed workers, casual workers and workers in otherwise marginal jobs. Focusing on the entire employment history of individuals instead demonstrates that workers who have experienced a significant unemployment spell (e.g. longer than three months) in the past, workers who have experience working in a cooperative, as well as workers who have experience as a domestic employee are significantly more likely to be employed in program firms, whereas workers who have experience as casual workers are less likely to be employed in program firms.
To model the impact of the program on wages, W, a standard earnings function approach is used. Wages are modeled as a function of observable characteristics, X, such as age, education and firm-characteristics, and the type of firm the worker is employed in, D j . The potential endogeneity of participation and schooling are the two major obstacles to successfully estimating this earnings function. Selection bias arises when participants differ from non-participants in terms of unobserved characteristics that affect both earnings potential and the probability of being employed in a program firm, thus creating a correlation between the error term and the regressors and consequently causing the OLS estimator to be biased. To tackle this selection problem the Lee selection correction is used.
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The potential endogeneity of schooling, arising for example because of a correlation between schooling and ability, is also addressed by means of a control function approach. As pointed out by Söderbom et al. (2005) , when the return to education is non-linear, control function estimators of the returns to schooling are likely to result in more precise estimates of schooling than 2SLS estimators. In addition, control function estimates of the returns to schooling are more robust than 2SLS estimators when slope parameters vary with unobserved factors (see also Card, 2001) . Of course, a drawback of the control function approach is that it forces us to make (implicit) distributional assumptions which can be difficult to test. A related modeling problem is that the benefits from participation might well be heterogeneous; those who lack alternative opportunities and have low earnings potential are likely to benefit more from program participation than individuals with high earnings potential. In particular, it is anticipated that the benefits from participating in the program are inversely related to the level of educational attainment. To allow for this possibility, the gains from participation are allowed to depend on observables following Blundell & Costa Dias (2002) . Assuming a (log-linear Mincerian relationship between earnings, our estimable equation takes the form:
is a vector of terms hat correct for endogeneity bias due to selection and the endogeneity of schooling.
9 These selection correction terms are a function of observables that affect both participation and earnings, X, and variables that affect participation only, Z, the exclusion-restrictions. Under the null hypothesis, program participation has no impact on earnings, i.e. β TP =0 and β XTP =0 where β TP is the coefficient on the dummy that indicates that a worker is employed in a program (constructor) firm, while β XTP is the coefficient on the interaction term between program participation and observable characteristics, X, intended to capture heterogeneity in the benefits of program participation. Such heterogeneity exist if the null hypothesis of homogenous returns, β XTP =0 is rejected. Table 8 presents the results from OLS estimation of earnings functions. Column 1 presents the results of regressing monthly income on days worked, a dummy for being a casual worker, gender, age and its square, years of schooling and its square, employment history dummies and firm type dummies, forcing the gains from program participation to be homogenous. The results are consistent with the literature; returns to schooling are convex, 10 wages for casual workers are significantly lower than those for permanent workers, the age-earnings profile is concave, and the negative coefficient on the gender dummy attests to the existence of widespread discrimination against women in the labor market. Turning to the results of central interest, workers in program constructors earn 25% more than workers in non-program constructing firms, though there is a 60% premium associated with working for a contractor. In column 2 the assumption that the returns to schooling are homogeneous is relaxed and interactions between program participation and returns to schooling are included as additional regressors. While these interaction terms are not significant in this specification, their signs suggest that those with the least education benefit the most from partaking in the program.
In column 3 we allow for the endogeneity of education by including the predicted residual of a model of educational attainment and interactions of this residual with program participation as additional regressors. The model of educational attainment is presented in Table A2 in the appendix and uses distance to school at the age of six and parental occupation as exclusion restrictions. The terms are not jointly significant and parameter estimates do not change very much; the endogeneity of schooling is unlikely to be a serious problem as also evidenced by the Hausman test, which comfortably accepts the null hypothesis of no endogeneity of schooling.
We would like to know why program constructors pay more than non-program constructors and consider firm size, capital intensity and input intensity as candidate explanations.
11 Adding a control for firm-size in column 4 does not affect the pattern of results, which suggests that the program premium is not due to a positive association between firm size and wages.
12 To test whether capital-and input-intensity can explain the program premium, the capital-labor ratio and inputintensity are included as explanatory variables in columns 6 and 7. Unfortunately information on these variables is not available for all workers, forcing us to drop about 40% of our sample. For the resulting subsample the null hypothesis of heterogeneity in the treatment effect is rejected since the interaction terms between schooling and program participation are significant at the 10% level. In addition, the estimated program premium increases and is individually significant.
13 Somewhat 9 Note that if returns to program participation are heterogeneous and program participation and schooling are both endogenous, we should also control for the endogeneity of the interaction of schooling and participation. In the context of our model this is done by interacting the terms correcting for selection bias with the terms which correct for the endogeneity of schooling. 10 Years of schooling and years of schooling squared are jointly significant at the 5% level. 11 We also experimented with other firm characteristics, such as the age of the firm, the organizational structure of the firm (for example whether the firm is a cooperative or not), and the activities the firms engage in, but these variables could not explain why program firms pay more. 12 Note that the sample has been reduced by 14 workers. However, differences in sample composition are not driving the results; estimates available upon request. 13 These are sample selection effects. To rule out the possibility that changes in coefficients are due to changes in the composition of the sample, specification 4 is re-estimated on the subsample of workers for whom information on the capital-and input-intensity of the firms they work in is available (see column 5). This subsample contains only 11 casual workers, which is reflected in the coefficients on days-worked and the casual dummy; both are now insignificant; the casual-dummy because it is imprecisely estimated; the days worked surprisingly, capital per worker and inputs per worker are not significant predictors of earnings, while there seems to be a positive relationship between firm size and earnings. Table 9 presents results using Lee's selectivity corrections (the underlying multinomial logit model for selection of workers into different types of firms is presented in the Appendix in Table A3 prior activity and employment history dummies are used as exclusion restrictions), Columns 1 and 2 assume education is exogenous, while column 3 and 4 allow for the endogeneity of schooling. All specifications control for individual characteristics. Columns 2 and 4 also control for firm characteristics. None of the selection terms are individually or jointly significant in any of the specifications. In addition, resulting parameter estimates are very similar to OLS estimates. This indicates that endogeneity is not a major issue. Once again, the estimated return to program participation is higher for the subsample of observations for whom information on capital stock, input usage and size of the labor force is available (see columns 2 and 4). In addition, we can reject the null hypothesis of a homogeneous treatment effect for this subsample. Finally it should be noted that there is a positive association between firm size and wages.
In sum, the estimated program premium is rather robust and endogeneity is not of major empirical importance. The estimated premium is highest for the poorest workers. As a robustness check to test whether the IHDP indeed has had an equity enhancing impact on the earnings distribution quantile regressions were estimated. These regressions are presented in tables 10A and 10B and confirm that the program premium is highest for those at the bottom of the earnings distribution.
Summary and Conclusions
Active labor market programs, such as the AAIHDP, are widely viewed as a means to provide employment opportunities for the poor by providing more, relatively unskilled, jobs. To do that they must either use a more unskilled labor intensive technology or use more unskilled labor per unit of capital for a given technology. We have found that the technology of program firms is not significantly different from the technology used by firms outside the program, a conclusion which is robust to controlling for selection bias and endogeneity of factor inputs. Program firms are not more labor intensive and use more skilled labor than non-program firms. We find there is an earnings premium associated with program participation which is heterogeneous and inversely related to educational attainment. It is unlikely to be driven by selection bias. It may reflect the fact that workers in program firms are often also the owners of such firms enables them to capture the return to capital. If this is the explanation then there is not a premium to labor for those participating in the program.
Given that the program has not altered technology or labor-intensity it is unlikely to have resulted in a higher level of labor demand than would have been generated had contracts been awarded to existing firms. Given the existence of excess demand and shortages of key construction inputs it is possible that the AAIHDP has led to some crowding out. The data at our disposal do not enable us to assess such general equilibrium effects quantitatively. These are an area for future research, as are the many dynamic issues that we could not explore. 
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